Safe Semi-Supervised Learning

"#3%&" ()*(+-. /(
012*3&14(5%6()173812386(938(03:%4(;392<18
=06>78343' GAL&A*& (B&*:%8C*26@ (D?*&1(
BE)F(222GFHH411J1K&A"K%J"K>&HA4*69H
LIT*4F@*69MEA" K% (K>&

Learning And Mining from DatA
http://lamda.nju.edu.cn

Joint work with Zhi-Hua Zhou (Nanjing University), James Kwok
(HKUST), Ivor Tsang (UTS)

3 .lq".&‘ _:" : .



LAVIDA

Traditional Supervised Learning .t

httg://lamda.niu.edu.cn
Traln ] Pred1ct
Labeled earning nseen
Data Model Data

N&(38J%8(23(?1:%(1('33J( :
'%&%814*012*38(G%8938I1&>%@( |

C"G%8:*CoJ(4%188&!(1%223]C(392%&( ‘f\\\ s
1CC"19%(2?212((418'%(113"&A39( '
417%4%J(3121(18%(1:1*4174%K i

I




Labeled Data Is Expensive LA.,.m

httg://lamda.niu.edu.cn

o P3<%:%8@(417%4*&'(G83>%QGUEAC*RM1&6(8%14(21CRC
o S*C%1C%(J*1'&3C*C((
o S8"(J%2%>2*3&((
o NI1'%(>41CC*9*>12*3&(
o =06Q2(>12%'38*012*3&(

« T ((

E%U"*80"'11&(%99382C(1&J(112%8*14(8%C3"8>%C




Exploiting Unlabeled Data LA.,.M%

httg://lamda.niu.edu.cn

. D344%>2*3&(39("&417%4%J(JlZl(*O("%lG%B(

. ' | I
2z
2.5

.....

0%

o =<3(G3G"418(C>?%I%C(P4QG43*2("&A17%4%J(J121(23(?% 4G (*]
22%65%893811&%3HC"G%8:*C%J(4%18&*&'(
o :%I*#C"G%8:*C%J (4% 18R &6(4%188%8(28*%C(23(%QG43*2(22%(
%6Q1IG4%C(76(*2CY%A9K(
o V>2*:06(4%18&B &% (4%188%8(1>2*:%46(C%A4%>2C(C31%("&417%49
%Q11G4%C(23(U"%86(9831(1&(381>4%



LAVIDA

Semi-superVised Learning Learning And Mining from DatA

httg://lamda.niu.edu.cn

Supervised Semi-Supervised
Learner Learner

o :"8:%6C(1&J(W33RC(

o XKD?1G%4@%R2 (14K (;%I*#C"G%8:*C%JI(4%18&*&'K(YN=(Z8%CC(D1178*J'%@ ([\]K(

o "K(_?"(1&JI(VK( 34J7%8'K(N&283J">2*3&(23(C%I*#C"G%8:*C%JI(4%18&*&'K((Y38'1&
D416G334(Z"74*C?%8C@ ([\bK(

o K#PK(_?3"(1&J(YK(O)*K(;%I*#C"G%8:*C%JI(4%18&*&'(76(J*C1'8%%I|%&2K (5&3<4%.
N&938112*3&(;6C2%IC@([c+d/Fcefgcdb@ ([\e\K(

o . #PK ?3"K(S*C1'8%%I|%&2#71Q0AAI*#C"G%8:*Qa8d18&* QW2 1V"23112*>1(
*&*>1 N&:*290438:%6K(03:K\edK(



SSL Applications LA.,.MP%

httg://lamda.niu.edu.cn

* Y186(1GG4*>12*3&C(

* =96Q2(D12%'38*O1B3B&*IC (ebbbj(i31>?*IC @ (MWK (

o LI1*4(D41CC*9*>1 {18%R%4R3862(14K@([(\dk

e NI1'%(E%28*% (b4 &'(%2(14K@(\dk ‘ @\p
o W*3*&938I12*(H1C173: (a(z1& @ ([\ck ( ~N
M
:\i‘?',

e 0119%J(L&2*26(E%>3'8&*2*Bi&"229%%2(14K @ ([\[k



Four Popular SSL Paradigms

e Generative models [B.M Shahshahani & D.A. Landgrebe,
TGRS94; D.J. Miller & H.S. Uyar, NIPS96; etc.]

e Disagreement-based methods [Blum & Mitchell, ICMLIS;
Balcan et al., NIPS05; Zhou & L1, TKDE10; etc.]

e Graph-based methods [Blum & Chawla, ICMLO1; Zhu et
al.,ICMLO3; Zhou et al., NIPS05; Belkin et al., JMLRO06; etc.]

e Semi-Supervised SVMs [Vapnik, STLIS; Bennett & Demiriz,
NIPS99; Joachims, ICML99; Chapelle & Zien, ICMLOS; etc.]
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o Assume that the labeled and unlabeled data is generated
from a joint distribution. After that, it estimates distribution
parameters as well as a label assignment of unlabeled data so
that the likelihood is maximized.

» Different kinds of generative models have been used, e.g.,
e Mixture of Gaussians [B.M Shahshahani & D.A. Landgrebe, TGRS94]

e Mixture of Experts [D.J. Miller & H.S. Uyar, NIPS96]
e Naive Bayes [K. Nigam et al., MLJoO]

» Expectation-Maximization (EM) algorithm is often employed
to estimate the parameters and the label assignment
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e Train multiple learners to exploit the unlabeled data, and
then utilize the ‘disagreement’ information among the
learners to help improve the performance.

e Various disagreement-based methods have been used, e.g.,

e Co-training: exploit two views to derive two learners and show that if
two views are sufficient and redundant, Co-training can be boosted to
arbitrary high accuracy [Blum & Mitchell, ICML98§]

e Tri-training: three learners are employed to improve the generalization
[Zhou & Li, TKDE10]

The seminal work of co-training [ Blum & Mitchell,
ICML98] won the ‘10-year best paper’ award in ICML’08.
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e Construct a weighted graph on the labeled and unlabeled training
examples

e The edge weights correspond to some relationship (such as similarity/
distance) between the samples

e Assume that examples connected with heavy
edge tend to have the same label of EQ&?'%;%
o Infer a label assignment of unlabeled data so

\5\9
that the label inconsistency w.r.t. graph is Q-
minimized. C@% /o
» Different kinds of inference algorithms have
been developed.

The seminal work of graph-based methods [Zhu et al.,
ICMLo03] won the ‘10-year best paper’ award in ICML’13.




Semi-Supervised SVMs (S3VMs) LA.,.m

httg://lamda.niu.edu.cn

Large-margin
Unlabeled ~ _.-7 separator
Data

(or, low-density
separator)

Labeled
Data

Theorem 1 ([Vapnik, 1998])
Consider hyperplanes h(¥) = sign{xr - + b} as hy-
7 pothesis space H. If the attribute vectors of a training

N&1G&B (;)=nbok@(*2(*C(C?3<R(2?. (i dumiter D, he ther ar ot ot
418'%(118*&53"43(?%A4AG (IG83:%(2?% - .
'%&_%814*0 12*3&(4%18&*&'('(3"&JK N, < C.rp(d (T + 1)) yd= min(a, [ ,,] + l)

PE

equivalence classes which contain a separating hyper-
plane with

— - T + b‘ >p
|[]] -

(1.e. margin larger or equal to p). a s the dimension-
ality of the space, and [b] s the integer part of b.
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The seminal work of S3VM [Joachims, ICML99] won the
‘10-year best paper’ award in ICML’09.




Challenges LAVipa

Learning And Mining from DatA
http://lamda.nju.edu.cn

it
s- 18- B

)18'%#C>14% E%142*19% Z%893811&>006| | V:3*J(C"99%8%&'

J121( 8%U"*8%I%&2 "181&2%% C%8*3'(CC21R%o

hVN;=V=\bj ( hNDY)\bj(ONZ; ( =?*{214R hVVVNe\HedH¢]j
LDY)\bj (NLLL( e[j ;SYe]} ( %2>KKk

=N=ed{%2>Kk( %2>KKk



SSL Revisit
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e Rewritten as

max {maxe 0
acA

st. Gla,y,) > 6, Yy, € B},

Proposition 1. The objective of WELLSVM can be rewritten as the
following optimization problem:
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0}, and y; € B.
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Multiple Kernel Learning, can be solved by state-of-the-art SVM
software, which is scalable (
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\ / / Large Margin Separator

1) More than one  Large
\ b 7 Margin Separators!!

x /\ X! 11) Current S3VMs randomly

rd /) select one of them as the
Y
/

output.

\ iii) Large Margin Separators
\ are usually diverse .

iv) Incorrect  selection
degenerates the performance!

S3VMs

We present S4VM (Safe S3VM)
to address the uncertainty of model selection
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e Step 1: Generate a pool of large-margin separators (LMS).

e Step 2: Construct S4VM by optimizing the performance
improvement under the worst-case
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Theorem 1: If y* € {y;}]_; and )\ > 1, the accuracy
of ¥y is never worse than that of y*v.

B&J%8(2?%(1CC"1G2*3&(%IG436%JI(*&(:dmYC@(2?12(*C(2?%('83"8
*C(8%14*0%J(76(1(418'%#I18'+&(C%G 181238 @@3nY(#%6(C19%

Proposition 2: If y* € {y:}/_, and A = 1, the
accuracy of y achieves the maximal performance im-
provement over that of y*Y” in the worst case.

B&J%8(2?%(1CC"1G2*3&(%IG436%JI(*&(:dmYC@(;cmY(148%1J¢6
1>7%0/6:06C(22%8'% C2(G%893811&>% (X1 G83: %P6 &2




Experiment

TSVM
( lincar / rbf)

S4VM,
( linear / rbf)

10 Lab SVM

( linear / rbf )
aust 67.24+8.0/66.6+£7.5
ausl 77.347.1/72.9+6.1
brea 04.443.5/95.74+28
clea 56.64+5.0/57.1+8.1
diab 65.74+54/65.6455

germ 63.1+£8.0/648+12.1
habe 64.647.0/65.94-8.1
hear 72.246.7/71.8468
hous 80.043.0/ 88.04+2.8

678+12.1/67.8+13.2

81.14+6.1/77.048.2
04.540.4/94740.1
56,7457 /55.8+£7.8
65.74+5.4/653+6.2
62.245.5/61.645.1
62.147.9/62.4+46.2
71.94+6.9/72.5+7.6
90.6+3.3/89.8+1.8

68.74+9.8/68.1+9.8
778+7.5/73.3+64
96.5+0.6/96.8+0.4
56.74+5.1/56.94+8.2
66445.2/65.5+6.2
63.3+7.9/648+11.8
65.0+6.5/65.9+7.9
72.246.7/727+£7.0
89.6+3.1/88.5+23

houv 88.04+2.1/87.04+3.1 85.446.4/85.04+5.8 87.944.4/86.84+3.9
iono 72.64+6.8/74.749.1 72.149.4/77448.6  73.7+6.7/75.2410.0
isol 89.6+6.8/81.04+14.7 86.64+10.0/86.74+9.9 91.44-9.0/85.24-17.2
live 5534547555459 53.345.0/54.2448 54.845.7/55.24+6.0
optd 02.2+4.4/85.849.8 87.1487 /87.2487  93.545.6/87.9+11.3
vehi 74.047.9/74348.1 76.24+9.2/78.7+8.7 7474857762498
wdbc 81.34+7.4/80.74+7.5 84.3+6.6 / 84.4+6.3 82.1+7.2/82.5+9.1
digi 76.24+7.1/57.24+12.1 80.7+3.9/84.2+44  76.0+7.1/63.6+12.6
USPS 78.5+2.9/80.0+0.1 722437 /71.6+4.9 78.742.7/80.14+0.2
COIL 56.5+5.4/56.9+4.2 54.946.2/57.243.9 56.845.4/57.0+4.2
BCI 52.64+2.4/51.3+£20 50.942.8/51.242.1 51.8423/51.34+22
g24ic 545+4.2/523+44 78.3+4.5/59.5+34 54.64+4.5/52.8+44
g241n 56.4+5.2/52.5+£53 53.347.3/52.845.2 56.345.1/52.745.1
Text 52.243.0/52.64+4.0 64.847.9/52.446.1 52.142.9/52.644.0
Avg.Acc 71.3/69.7 L72.2/713 71.8/70.6 |
SVM vs. Semi-Supervised: W/T/L 12/19/13 0/32/12

In terms of average performance,

TSVM
( linear / rbf)

S4VM
( linear / rbf)

100 Lab SVM

( linear / rbf )
aust 83.74+1.8/78.74+2.9
ausl| 795428/ 80.64+2.3
brea 05.04+1.3/95.441.0
clea 73.343.1/83.14+2.0
diab 74.6+1.6/70.342.1

germ 65343.0/70.94+1.0
habe T1.743.1/ 683428
hear 82.2425/76.34+34
hous 04.04+1.8/94.941.7
houv 01.14+1.4/92.541.7

iono 83.942.7/91.542.1
isol 99.04+0.4/99.240.5
live 64.343.6/66.5+2.6
optd 99.240.3/99.540.2
vehi 93.64+1.9/97.7+1.0
wdbc 95.241.4/93.6+1.7
digi 90.840.7/94.24+1.5
USPS | 87.2+1.0/83.1+1.9

COIL 80.242.2/87.1£2.0
BCI 70.4+3.4/66.2+29

83.1+2.1/78.612.8
79.042.9/81.14+2.5
95.740.7 / 95.8+0.7
73.642.9/83.242.2
73.741.9/70.042.1
66.112.2/68.8+2.3
69.14+3.0/ 663126
822129/76.0+3.4
02.143.2/92.4433
80.012.2/90.9+2.4
81.813.0/90.612.8
06.3+3.3/964+13.4
64813.1/66.1£23
96.243.3/96.243.3
03.2+2.0/96.0+2.1
03.442.6/92.4+27
02.0+1.6/945+1.9
86.74+1.5/91.74+2.5
80.8427 /87.04+15
70.544.1/65.44+2.8

83.7+£1.6/78.84+£3.0
81.14+2.1/81.34+2.0
05241.3/95.4+1.0
73.542.9/83.3+2.1
74341.9/70.64+24
65.8+29/71.0+1.1
71.943.2/68.1+£2.6
824+42.5/76.5+£3.7
04.2+41.6/94.9+1.7
01.24+1.3/92.6+1.6
83442.6/91.642.1
08.0+41.2/99.3+0.5
63.14+4.2/66.8+3.3
99.14+1.2/99.64+04
03.742.0/97.94+0.8
047+1.7/93.6£1.7
91.54+0.8/94.94+1.4
87.7+1.0/91.0+2.4
80.84+2.3/87.24+2.1
70.543.4/66.14+29

ga24ic T4542.0/70.1£8.5 80.0+1.4/77.84+1.6 75.3+1.8/74.8+4.1
g241n 71.842.7/59.4494 75.444.5/650+13.8 722+2.8/60.9+8.4
Text 69.842.1/54.44+4.9 74.241.4/58844.9 69.942.0/54.14+4.1
Avg. Acc 82.4/81.8 | 82.3/82.0 82.5/82.5 |
SVM vs. Semi-Supervised: W/T/L 17/17/10 0/30/14

S4VM is highly competitive with TSVM



Experiment

Significantly degenerated performance

10 Lab

SVM
( linear / rbf)

TSVM
( linear/ rbf)

S4VM.
( linear/ rbf)

100 Lab

SVM
( linear / rbf)

TSVM
( linear/ rbf)

S4VM.
( linear/ rbf)

aust
ausl|
brea
clea
diab
germ
habe
hear
hous
houv
iono
isol
live
optd
vehi
wdbc
digi
USPS
COIL
BCI
g241c
g241n
Text

67.2£8.0/66.6£7.5
77.3£7.1/72.946.1
94.443.5/95.74+2.8
56.64+5.0/57.14+8.1
65.7£5.4/65.6£5.5
63.1£8.0/64.8£12.1
64.6+7.0/65.9+8.1
72.246.7/71.8+6.8
89.0+3.0/88.0+2.8
88.0+2.1/87.04+3.1
72.616.8/74.7£9.1
89.61+6.8/81.0£14.7
55.3£5.4/555£5.9
92.24+4.4/85.84£9.8
74.0£7.9/74.3£8.1
81.3+7.4/80.7£7.5
76.2+7.1/57.2+12.1
78.542.9/80.040.1
56.545.4/56.944.2
52.64+24/51.3+£2.0
54.5£4.2/5231+44
56.4£5.2/5254£53
52.243.0/52.614.0

67.8+12.1/67.8413.2

81.14+6.1/77.0+8.2
94.540.4/94.7+0.1
56.7+5.7/55.8+7.8
65.7+5.4/65.34+6.2
62.245.5/61.6+5.1
62.14£7.9/52.4+6.2
71.94+69/72.5+7.6
90.6+3.3/89.8+1.8
85.4+6.4 / 85.0+5.8
72.1+9.4/77.4+86
86.64-10.0 / 86.7+9.9
53.3+5.0/54.2+4.8
87.1+8.7/87.2+8.7
76.24+9.2/78.7+8.7
84.346.6 / 84.4+6.3
80.74+3.9/84.2+4.4
72.243.7/71.6+4.9
54.946.2/57.2+3.9
50.94+2.8// 51.2+2.1
78.3+4.5/59.5+3.4
53.3+7.3/52.845.2
64.84+7.9/52.446.1

68.7+£9.8/68.11£9.8
77.847.5/73.3+£64
96.510.6/96.81+0.4
56.745.1/56.9£8.2
66.4+5.2/65.5£6.2
63.3+£79/648£11.8
65.0£6.5/65.9+£7.9
72.246.7/727£7.0
89.6+3.1/88.5+23
87.944.4/86.843.9
73.74£6.7/75.2410.0
91.449.0/85.2+17.2
54.845.7/55.2£6.0
93.54+5.6/87.9£11.3
74.748.5/76.249.8
82.147.2/82.54+9.1
76.04+7.1/63.61+12.6
78.742.7/80.11+0.2
56.845.4/57.0+4.2
51.842.3/51.34£22
54.6+4.5/52.81t4.4
56.3£5.1/52.74£5.1
52.14£2.9/52.6+4.0

aust
ausl
brea
clea
diab
germ
habe
hear
hous
houv
iono
isol
live
optd
vehi
wdbc
digi
USPS
COIL
BCI
g241c
g241n
Text

83.7+1.8/7874£2.9
79.54+2.8/80.6+2.3
95.04+1.3/954+1.0
73.34£3.1/83.1£2.0
74.6£1.6/70.3£2.1
65.3£3.0/70.9£1.0
71.743.1/683+£2.8
82.242.5/76.3+£3.4
94.0£1.8/94.9+1.7
91.1£1.4/925£1.7
83.942.7/91.54+2.1
99.04+0.4/99.240.5
64.3+£3.6/66.5£2.6
99.240.3/99.5+0.2
93.6+1.9/97.7£1.0
95.24+1.4/93.6%£1.7
90.84£0.7/94.2£1.5
87.24+1.0/83.1+1.9
80.242.2/87.142.0
70.44+3.4/66.242.9
74.5£2.0/70.1£8.5
71.842.7/59.449.4
69.8+£2.1/54.4£4.9

83.142.1/78.6£2.8
79.042.9/81.1+2.5
95.740.7 / 95.81+0.7
73.642.9/83.242.2
73.7£1.9/70.0£2.1
66.1+2.2/68.84+2.3
69.14+3.0/66.312.6
82.242.9/76.0+34
92.143.2/92.44£33
89.942.2/90.94+2.4
81.843.0/90.6£2.8
96.34+3.3/96.41+3.4
64.81+3.1/66.1£2.3
96.243.3/96.243.3
93.242.0/96.0£2.1
93.442.6/92.442.7
92.0+1.6/94.5+£1.9
86.74+1.5/91.7+2.5
80.8+2.7/87.0£1.5
70.5+4.1/65.4£2.8
80.0+£1.4/77.8£1.6
75.444.5/65.0113.8
74.24+1.4/58.81+4.9

83.7£1.6/78.843.0
81.1+2.1/81.3£2.0
95.24+1.3/95.4+1.0
73.54£2.9/83.342.1
74.3£1.9/70.6124
65.84+2.9/71.0£1.1
71.943.2/68.14+2.6
82.442.5/76.54+3.7
94.241.6/949+£17
91.24+1.3/92.6£1.6
83.442.6/91.612.1
98.941.2/99.31+0.5
63.1+4.2/66.8£3.3
99.14+1.2/99.6+0.4
93.742.0/97.94+0.8
94.7+£1.7/93.6£17
91.5+0.8/94.9+1.4
87.7+£1.0/91.0+2.4
80.8+2.3/87.242.1
70.543.4/66.14+2.9
75.3+1.8/74.81+4.1
72.242.8/60.918.4
69.942.0/54.1£4.1

Avg.Acc

71.3/69.7

72271713

71.8/70.6

Avg.Acc

82.4/81.8

82.3/82.0

82.5/82.5

TSVM often degenerate the performance
while S4VM does not significantly degenerate the performance.



Assumption of S4VM

Both S3VMs and S4VM assume that the ground-truth is realized
by a large-margin separator.

10 Lab

S3VMY
( linear / rbf )

aust
ausl
brea
clea
diab
germ
habe
hear
hous
houv
iono
isol
live
optd
vehi
wdbc
digi
USPS
COIL
BCI
g241ic
g241n
Text

69.4+10.0/73.1+11.8
82.245.2/82.31£4.0
96.910.3/96.810.2
63.24+4.7/61.915.4
66.71£5.2/65.8£6.2
66.0+4.5/65.9+4.9
65.246.1/65.745.1
72.246.8/74.41£6.2
93.54+4.0/90.142.1
88.9+5.6/87.0+4.6
78.24+5.8/80.81+7.4

90.0+£10.3/89.1+12.1
55.246.0/55.61+5.8
91.14+7.4/90.94+7.9

76.11+8.8/80.21+10.8
82.1£7.1/84.2£7.5
77.4+4.6/82.5£6.2
81.64+4.4/77.743.1
65.6E5.1/67.5+5.9
53.942.9/538+1.8
60.61+3.2/59.01+3.0
60.3+3.1/56.34+2.9
56.912.4/55.31+1.7

—

-—

-—

-—

100 Lab

S3VME
( linear / rbf )

aust
ausl
brea
clea
diab
germ_ _
__ —irabe
hear
hous
houv
iono
isol
live
optd
vehi
wdbc
digi
USPS
COIL
BCI
g241ic
g241n

83.7£1.6/789+£2.8
81.542.1/81.8+1.9
95.24+1.4/95.5+1.0

74.4+1.9 367123
L 66:2F3.0/70.44+1.7
71.6+3.6/ 67.74+2.6
82.64+2.1/76.5+3.6
94.5+1.4/95.3+1.7
91.2+1.3/92.6+1.8
83.64+2.6/91.942.0
98.9+1.4/99.0+1.5
63.24+4.2/67.04+3.4
99.04+1.7/99.1+1.8
93.742.0/98.1+0.8
94.6+1.7/93.6+1.7
03.7+1.4/96.2+1.1
89.14+0.6/ 92.54+2.0
83.242.2/88.94+2.4
70.743.5/66.242.7
78.54+2.7/79.34+2.7
74.842.7/74.5+4.3

Text

71.3+1.0/57.6£3.8

74.11+3.0/84.5+1.8 . —

Even the best LMS is
far from the ground
truth, but S4VMs
still work well.

-7

-—

S4VM is quite robust.



Influence of Parameters
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Variety of Performance Measures LAIMH%
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Doc ID 1 2 3 4 5 6 7 8 9 10 11
P 1 O 0 o0 o 1 1 1 1 o0 0
rank(hi(x)) |11 10 9 8 7 6 5 4 3 2 1
rank(he(x)) | 1 2 3 4 5 6 7 8 9 10 11
Hypothesis | MAP Best Acc.
hi(q) 0.56 0.64
h2(q) 0.51 0.73
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3.1.1 Top-k Precision

Proposition 1. When the Top-k precision is used in Eq.(5), any y that ranks the unlabeled instances
identically as s = Zl;:l o y' is optimal (ties are broken arbitrarily).

3.1.2 Fj3 Score
Proposition 2. Assume that y'1 = ¢, a constant. Let s = Zb (5% i \where Py = yi'1 is
p . ll’ y — ‘y ’ ’ . — 1 1 C_+_3‘)P y ‘ ’ yi h— l

the number of positive labels in y'. When the Fj score is used in Eq. (5 ), the optimal y* = [Q;‘] is

given by
)1 m>u—c
Yi =\ 0 otherwise

3.1.3 AUC

Proposition 3. When rhe AUC is used in Eq.(5), any y that ranks the unlabeled instances identically

— b (\z
ass=> ._, 7 y is optimal.

=794>43C%J#93BI34"2*38&ABY041 2K (C382* 439" 841 7%4Y01 21 (
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Data # sample # feature F# pos/# neg Data # sample # feature F# pos/# neg
COIL2 1,500 241 1.0 mnist7vs9 14,251 600 1.05
digitl 1,500 241 0.96 mnistlvs7 15,170 652 1.08
ethn 2,630 30 0.99 adult-a 32,561 123 0.32
mnist4dvs9 13,782 629 0.98 w8a 49,749 300 0.03
mnist3vs8 13,966 631 1.05 real-sim 72,309 20,958 0.44

>3:% 8L (<*JUB L&' U3IG83G%82*%C(

> S121(C*O@831 (e @M\ (23138%(2?21&\@\\(

> S*19%&C*3&141983I(d\ (23138%(2?1&0\@\(

> =7205(G83G382*3&(39(>41CC%C(+*K%K @ (812*3(39(2?%(&
G3C*2*:%(CLIGA%C(23(2712(39(&%'12*: %(C1IG4%C/(81&
9831(\K\d(23(183"&.Je(
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Preak F1 AUC

Average | Self-SVMPe' 2.5 3.7 -0.9
performance S4VM 1.0 5.3 -0.5
improvementf UMVP’ 1.7 6.0 0.3

UMVP 1.6 2.9 0.8
Win/Tie/Loss| Self-SVIWPET | 2/2/6 8/1/1 2/2/6
S4AVM 4/5/1 8/1/1 6/1/3
UMVP' 6/3/1 8/1/1 7/0/3
UMVP 6/4/0 8/1/1 8/2/0

Signtest | Self-SVMPET | (0, 0.29) (1, 0.04) (0, 0.29

(H,p-value)| S4VM | (0,0.38) (1,0.04) (0,0.51
UMVP! (0,0.13) (1,0.04) (0,0.34
UMVP  |[(1,0.03) (1,0.04) (1,0.01

X&(1:%81'%(G%8938118>%(*IG83:%1%&82@ (BYMZ(1>?*%:%(
G%893811&>%(*1G83:%1%82(3&(144(2?2%(278%%(G%8938I 1
19%1C"8%CK((

(
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Preak F1 AUC

Average | Self-SVMPe' 2.5 3.7 -0.9
performance S4VM 1.0 5.3 -0.5
improvementf UMVP’ 1.7 6.0 0.3

UMVP 1.8 5.9 0.8
Win/Tie/Loss| Self-SVMPe™ | 2/2/6 8/1/1 21216
S4AVM 4/5/1 8/1/1 6/1/3
UMVP' 6/3/1 8/1/1 7/0/3
UMVP 6/4/0 8/1/1 8/2/0

Sign test | Sel-SVMPET | (0, 0.29) (1, 0.04) (0, 0.29

(H,p-value)| S4vM | (0,0.38) (1,0.04) (0,0.51
UMVP' | (0,0.13) (1,0.04) (0,0.34
UMVP | (1,0.03) (1,0.04) (1,0.01

N&(I*&H=*%H)3CC@(%1>?(39(2?%(>31G18*C3&(1%62?3JC(4%1JC(
C*&*9*>182(I83GC(*&(G%893811&>%(*&(12(4%1C2(f(>1C%C@ (<’
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Preak F1 AUC

Average | Self-SVMPe' 2.5 3.7 -0.9
performance S4VM 1.0 5.3 -0.5
improvementf UMVP’ 1.7 6.0 0.3

UMVP 1.8 5.9 0.8
Win/Tie/Loss| Self-SVMPe™ | 2/2/6 8/1/1 21216
S4AVM 4/5/1 8/1/1 6/1/3
UMVP' 6/3/1 8/1/1 7/0/3
UMVP 6/4/0 8/1/1 8/2/0

Sign test | Sel-SVMPT | (0, 0.29) (1, 0.04) (0, 0.29

(H,p-value)| S4vM | (0,0.38) (1,0.04) (0,0.51
UMVP'  |(0,0.13) (1,0.04) (0,0.34
UMVP (1,0.03) (1,0.04) (1,0.01

N&(279%(C212*C2*>14(C*&*9*>1&>%(2%C2(+"C*&'(22%(1*4>3Q3&(C* &(29
C*'&*9*>18>%(4%:%4/(39(e\(1121(C%2C@(2?%(BYmMZ(1%2?3](*C(C"G%8
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Training Time

Svwmeperf Self-SVMPeTf S4VM UMVP
adult-a 0.844 145.516 22.403 34.811 (32.936 + 1.875)
mnist3vs8 3.622 621.665 148.980 87.891 (87.435 + 0.456)
mnist7vs9 3.093 638.300 116.440 72.622 (72.155 + 0.467)
mnist1vs7 2.791 465.190 101.235 57.697 (57.220 + 0.477)
mnist4vs9 3.411 597.095 121.038 87.179 (86.765 + 0.414)
real-sim 7.975 1073.755 93.880 129.196 (119.552 + 9.644)
w8a 1.486 888.995 35.172 38.985 (35.091 + 3.894)
ethn 0.247 9.737 2.074 3.521 (3.458 + 0.063)
COIL2 0.698 16.593 20.114 11.506 (11.466 + 0.04)
digit1 0.699 22.700 20.342 11.472 (11.430 + 0.042)

V4223"2(13C2(39(22%(2*1%(39(BYMZ(*C(CG%&2(3&('%&%812*&'(22%(;;)C¢
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